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ABSTRACT

Alzheimer’s disease (AD) is one of the most common neurodegenerative disorders, affecting
millions of people worldwide and causing progressive decline in memory, cognitive abilities, and
daily functioning. Prompt diagnosis of Alzheimer's disease is crucial for timely intervention, better
patient management and slowing the progress of the disease. The traditional diagnostic techniques
include clinical evaluations and manual examination of neuroimage information; they are time-
consuming and may not be able to detect subtle changes in the brain at an early stage. The recent
developments of deep learning have shown great promise in extracting complex patterns from
medical images automatically and making the determination of Alzheimer's disease more
accurate. This study focuses on the use of deep learning methods to detect and classify Alzheimer's
disease in open-access neuroimaging databases early. To develop and test deep learning models,
publicly available datasets, such as MRI-based brain imaging datasets, are used. The proposed
approach includes image pre-processing of newroimages, feature extraction, training of the model
and performance evaluation of the model by using conventional metrics like accuracy, precision,
recall, Fl-score, and area under curve (AUC). The architectures of deep learning are investigated
because they provide the ability to automatically extract meaningful spatial features from brain
images without the need for a lot of manual feature engineering. The purpose of the study is to
understand the ability of deep learning models to differentiate between wvarious cognitive
impairments, such as normal control, MCI and Alzheimer's Disease. Moreover, the research
highlights the challenges of data variability, model interpretability and clinical implementation.
The results show the feasibility of deep learning-based methods as a reliable decision-support tool
to diagnose early Alzheimer's disease and offer perspective on future advances in Al-based
neuroimaging interpretation.

Keywords: Alzheimer’s Disease, Deep Learning, Neuroimaging, Magnetic Resonance Imaging
(MRI), Convolutional Neural Networks, Medical Image Analysis, Early Detection, Artificial
Intelligence, Open Access Datasets, Brain Imaging Classification.
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INTRODUCTION

Alzheimer's disease (AD) is one of the most
prevalent neurodegenerative diseases worldwide
and is a progressive disease. It involves
progressive loss of memory, thinking and
behavior function that greatly impacts the

quality of life for patients and is a significant
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burden to the healthcare system. The early
detection of Alzheimer's disease is crucial, as it
allows for timely medical intervention, better
patient care, and development of effective
treatment strategies. Precise early diagnosis of
Alzheimer's disease is, however, difficult due to
the subtle nature of the changes in the
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structure and function of the brain in the early
stages of the disease being hard to detect using
traditional diagnostic techniques.

The current methods of diagnosis of
Alzheimer's disease are mainly based on clinical
examination, cognitive evaluation, laboratory
tests and manual analysis of neuroimaging tests
performed by medical specialists. While these
techniques offer valuable information about
the disease, they can be restricted in capturing
more complex patterns linked to early disease
stages. Other imaging methods like magnetic
resonance imaging (MRI) and positron
emission tomography (PET) are useful tools in
Alzheimer's research that give detailed
information on brain structure, tissue changes
and abnormalities associated with the disease.
As Liu et al. (2018) stated, the application of
neuroimaging with computational approaches
can enhance the capability to detect patterns
associated with the disease that may be hard to
identify using traditional analysis.

Artificial intelligence (AI), particularly deep
learning, has become a major focus in medical
image analysis in recent years because of its
capabilities in  automatic extraction of
meaningful features from complex data. Deep
learning models are able to learn hierarchical
representations directly from raw medical
images, unlike traditional machine learning
approaches, where feature selection is required.
Recently, Sarraf and Tofighi (2018) proved that
deep learning models, particularly CNN
models, can be applied to brain imaging data to
facilitate automatic classification of Alzheimer's
disease. Such advancements have spurred
researchers to investigate the use of deep
learning for more effective and efficient early
detection of Alzheimer's.

The advent of open-access neuroimaging
datasets has been a key development in the
field of artificial intelligence for the diagnosis
of Alzheimer's disease. The Alzheimer's Disease
Neuroimaging Initiative (ADNI) and Open
Access Series of Imaging Studies (OASIS) are
large-scale initiatives that give researchers access
to a variety of MRI, PET, and clinical data.
These datasets can be used for developing and
testing deep learning models to identify various
stages of cognitive decline such as normal
control (NC), mild cognitive impairment

(MCI), and Alzheimer's disease (AD). Jo et al.
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(2019) reported that deep learning methods,
based on publicly available neuroimaging
databases, have yielded some good results in the
learning of complex features associated with the
progression of Alzheimer's.

There have been some research works that have
explored various deep learning architectures for
detecting Alzheimer's disease. Wen et al. (2020)
surveyed the use of CNN in Alzheimer's
classification, and reported that CNN-based
models performed well in extracting imaging
features from MRI and PET. In a similar study,
Lu, et al, (2021) examined deep learning
models and the more sophisticated methods for
medical image classification, highlighting the
need for better model generalisation and
interpretability for medical applications. In
recent vyears, other research efforts have
concentrated on the hybrid models, transfer
learning, and three dimensional deep learning
architectures to enhance classification accuracy
and make use of the spatial information
embedded within brain imaging data.

While there has been great success, there are
still a number of issues to be addressed for the
successful application of deep learning models
in. the real world for the diagnosis of
Alzheimer's disease. The reliability of Al-driven
diagnostic systems can be impacted by
differences in imaging equipment, data quality,
limited availability of labeled datasets, class
imbalance, and the lack of interpretability.
Additionally, it is crucial for medical
practitioners to have clear and comprehensible
models that can be understood by them prior
to their implementation in the clinical setting.
Thus, the construction of accurate, robust and
interpretable deep learning frameworks is still a
key research direction.

This research is based on the use of deep
learning algorithms to detect Alzheimer's
disease in open access neuroimaging datasets.
This study aims to explore how neuroimaging
data preprocessing, feature extraction, deep
learning model development, and performance
assessment techniques can be implemented to
classify multiple stages of Alzheimer's Disease.
This research is intended to help contribute to
the creation of reliable artificial intelligence
diagnostic systems which will be able to help
health professionals identify the disease at an
early age, and aid in the decision making
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process when managing the disease of
Alzheimer's.

Background of Study

Alzheimer's disease (AD) is a progressive,
neurodegenerative disorder, and the leading
cause of dementia, impacting millions of
people globally. It is defined by progressive loss
of memory, cognitive functioning, logic and
behavioural functioning. It is caused by a
complicated process of changes in the brain,
characterized by the amyloid-beta deposits,
neurofibrillary tangles, and loss of neurons,
which cause cognitive decline over time. As
people are living longer, Alzheimer's disease has
become a significant health issue worldwide,
with Alzheimer's Disease International (2021)
stating that there has been a considerable
increase in the prevalence of dementia.

The progression of Alzheimer’s disease is
usually divided into different stages, including
normal cognitive aging, mild cognitive
impairment (MCI), and Alzheimer’s dementia.
The early cognitive changes associated with
MCI are recognized as a critical intermediate
state, in which people often have cognitive
decline but remain functionally independent. It
is important to identify patients at this stage, as
early diagnosis will aid in improved disease
management and will optimize the effectiveness
of available treatments. But, early diagnosis can
be challenging as the first biological changes
can happen several years before symptoms are
noticed.

Medical imaging and Al have provided new
avenues for enhanced diagnosis of Alzheimer’s.
Magnetic resonance imaging (MRI) and
positron emission tomography (PET) are useful
neuroimaging procedures that can provide
information on structural and functional
changes of the brain. Jack et al. (2018)
indicated that neuroimaging and other clinical
measurements could vyield biomarkers that
could detect changes in the brain associated
with Alzheimer's disease before the onset of
significant cognitive decline.

Research Motivation

The rise in the number of patients with
Alzheimer's disease and the inability of
conventional methods of diagnosis makes the
demand for new and improved automated
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diagnostic system all the more critical. Early
diagnosis is crucial for optimal treatment
planning, patient care, and health care
decision-making.

With the availability of open datasets of
neuroimages, Al-based systems for detecting
Alzheimer's can be developed reliably. The
applications of deep learning techniques in
medical image analysis have shown potential,
but further research is needed to improve the
accuracy, reliability and clinical applicability of
these techniques.

The motivation for this research is to
investigate deep learning-based methods that
can leverage data from freely available
neuroimaging databases to detect Alzheimer's
disease at an early stage. This study will explore
whether  deep  learning models  can
automatically recognize brain images and
recognize patterns at different stages of
cognitive decline.

Problem Statement

The early detection of Alzheimer's disease
remains a big challenge, as Alzheimer's disease
has many causes of brain changes, conventional
diagnostic methods are limited, and subtle
abnormalities in early stages of the disease may
be difficult to detect. Neuro-imaging techniques
offer this information, but the manual analysis
of brain images calls for a lot of knowledge and
there are likely to be differences in diagnosis.
Current machine learning and deep learning

methods have exhibited satisfactory
performance, but there remain issues of data
variability, model generalization,

interpretability and clinical feasibility. It is
therefore important to study effective deep
learning techniques to enhance the accuracy
and reliability of early detection of the
Alzheimer's disease using open access datasets
generated from neuroimaging techniques.

Research Objectives

The aim of this study is to

1. To explore the use of deep learning
methods for early diagnosis of Alzheimer's
disease (AD) based on neuroimages.

2. To process open datasets of neuroimages
appropriate for the classification of
Alzheimer's disease.
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3. To build a deep learning system to gain
meaningful features from brain imaging
data.

4. To assess the performance of deep learning
models, using the usual evaluation metrics.

5. To investigate the potential of deep
learning methods in differentiating normal
controls, MCI and Alzheimer's disease
stages.

6. To illustrate the problems and possibilities
of the future of Al diagnosis of Alzheimer's
disease.

Research Questions

1. RQ1: What are the potential applications
of deep learning on neuroimaging datasets
to early detect Alzheimer's disease?

2. RQ2: What is the efficiency of the deep
learning models in classifying various stages
of Alzheimer's disease?

3. RQ3: How do the factors affect the
performance and reliability of deep
learning models for diagnosis of AD?

4. RQ4: What problems and future
enhancements need to be addressed for
using deep learning systems in clinical
settings!

Scope of the Study

In this study, the authors concentrate on the
use of deep learning methods for very early
detection of Alzheimer's disease in open
datasets of neuroimages. The research mostly
focuses on brain imaging modalities, like MRI,
and on data provided by publicly available
brain imaging databases.

This study involves data processing, feature
extraction, development of Deep Learning
model and evaluation of the performance.
Various assessment metrics such as accuracy,
precision, recall, F1 score, and area under the
curve (AUC) are used to evaluate model
performance.

The research is not aimed at creating new
treatments of disease nor is it aiming to replace
healthcare professionals. Instead, it seeks to
look at decision support methods that can
support clinicians using artificial intelligence to
detect Alzheimer's disease earlier. The results of
this research can help further investigations
into medical Al, neuroimaging analysis and
computer-aided dementia diagnosis.
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LITERATURE REVIEW

The approaches to detecting Alzheimer's
disease are summarized in this section.This
section provides an overview of approaches to
detecting Alzheimer's disease. The interest in
detecting Alzheimer's disease has been active
because of the rising prevalence of dementia
and the need for early diagnosis of Alzheimer's
disease. The traditional ways of diagnosis are
clinical assessment, cognitive testing, medical
history taking, and neurological examinations.
These can be helpful in diagnosing cognitive
decline, but can't always detect early
pathological changes in the brain. For this
reason, researchers have turned increasingly to
computational methods, which integrate
medical imaging, machine learning, and
artificial intelligence methods, to further
enhance the effectiveness of diagnosis.

Recent years have seen the emergence of an
important method of detection of Alzheimer's
disease based on analysis of neuroimages. Brain
imaging techniques like magnetic resonance
imaging (MRI), positron emission tomography
(PET) and functional MRI (fMRI) can help
show structural and functional changes that
occur as the disease progresses. Jack et al.
(2018) stated that biomarkers derived from
neuroimaging could be important in
developing information about Alzheimer's
pathology prior to the onset of any meaningful
cognitive impairments.

Advances in artificial intelligence also enhance
the analysis of neuroimaging data. Many
machine learning and deep learning methods
have been proposed for their application to
automatic classification of Alzheimer's disease
severity levels such as normal aging, mild
cognitive impairment (MCI), and Alzheimer's
disease (AD). The methods presented attempt
to minimize manual image interpretation and
offer reliable decision support systems for
healthcare workers.

Before the advent of deep learning, standard
machine learning methods have been
extensively used to classify Alzheimer's disease.
These approaches were generally based on
feature extraction done manually from medical
images and classification techniques for
distinguishing healthy people and patients with
Alzheimer's disease.
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Some well-known machine learning methods
used in past research are the support vector
machines (SVMs), random forest, decision
trees, and kmnearest neighbor (KNN)
algorithms. When applied to carefully selected
features, extracted from MRI and PET images,
they have shown efficacy. Their performance,
however, is very sensitive to the quality of
manually engineered features.

Past machine learning techniques have been
successful  in  discovering  patterns  in
neuroimages that are related to Alzheimer's
disease (Liu et al., 2018); however, they are not
useful in the case of high-dimensional and
complex medical images. Depending on the
features designed by the experts, flexibility is

limited and might not uncover any other
relationships in the large data set.

Deep Learning Techniques in Alzheimer’s
Disease Classification

The key reason Deep learning has emerged as
one of the most promising methods for the
detection of Alzheimer's disease is its capability
to automatically detect complex features from
medical images. Deep learning models are
different from other machine learning
techniques in that they do not need to have a
lot of manual feature engineering. Rather, they
are taught multiple levels of representations
through the input data.

Deep Learning

CHNs

GNNs

Segmentation

ViTs

Fig 2.1 Deep Learning Techniques in Alzheimer’s Disease Classification

DNNs have already been successfully used for
different applications of analysis in medical
images such as disease classification,
segmentation, and prediction. Deep learning
models have been applied to various types of
imaging data, including MRI, PET, and
multimodal imaging, to identify patterns
associated with Alzheimer's disease.In the field
of Alzheimer's research, deep learning models
have been applied to analyze MRI, PET, and
multimodal imaging data to identify patterns
associated with Alzheimer's disease.

Jo et al.,, (2019) did a review of deep learning
applications in studies of Alzheimer's disease
and found that deep learning models are
having useful results in diagnosis and
prediction tasks. The study highlighted that
deep learning methods can capture complex

https://ijssbulletin.com

| Khan & Zafar, 2026 |

relationships between imaging biomarkers and
disease progression.

Various studies have investigated various deep
learning architectures such as convolutional
neural networks (CNNs), recurrent neural
networks (RNNs), autoencoders, and hybrid
neural networks. Such architectures have
enhanced the capacity to process large volume
of neuroimaging data and to classify the stages
of Alzheimer's disease with greater accuracy.

Convolutional Neural Networks (CNNs) for
Neuroimaging Analysis

One of the most popular deep learning
architectures for medical image analysis is
convolutional neural network (CNN). CNNs
are trained to extract spatial features of images
automatically using multiple convolutional
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layers, pooling operations and fully connected
layers.

CNN-based models have been widely adopted
to analyze MRI and PET images, and are widely
used in Alzheimer's disease (AD) research.
These models can detect small structural
changes  (atrophied  hippocampus  and
abnormalities in cortex) in brain regions
connected to cognitive decline.

In a recent study, Sarraf and Tofighi (2018)
showed that CNN-based methodology was able
to effectively extract information from fMRI
data for classification of Alzheimer's disease.
Their conclusion pointed out the promise of
deep learning models for discovering
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meaningful patterns in brain imaging data
without the need to manually select features.
Transfer Learning Approaches for
Alzheimer’s Detection

Transfer learning is a topic of great interest for
medical image analysis due to the fact that
medical datasets are generally much smaller
than large-scale datasets of images from natural
sources. The goal of transfer learning is to
transfer knowledge from a trained model to a
different task that shares some common
characteristics with the original, thereby
decreasing the amount of data that needs to be
trained and  enhancing the  model's
performance.

Skull Smyping

and Freeze Blocks ==
< w]

Fig 2.2 Transfer Learning Approaches for Alzheimer’s Detection

For Alzheimer's disease detection, typical
transfer learning models include the pretrained
CNN architecture like VGGNet, ResNet, and
EfficientNet. These models can learn useful
visual features and can be adapted to work for
neuroimaging classification tasks. Lu et al.
(2021) noted that transfer learning methods
offer benefits for medical imaging tasks due to
their ability to boost classification accuracy in
scenarios with small amounts of labeled
medical data. These methods have been used
with great success for Alzheimer's classification
using MRI and results show that these methods
are more accurate than conventional methods.
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3D Deep Learning Models for MRI and PET
Analysis

Medical imaging data is naturally three
dimensional: brain scans have multiple slices
for different anatomical structures. The two
dimensional deep learning models could lose
significant spatial information if they consider
each slice independently of each other. To
capture volumetric information, therefore,
three-dimensional deep learning models have
been introduced.
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Table 2.1 Performance Comparison of Previous Deep Learning Studies

Study Model Dataset Accuracy Precision Recall Fl-score
(%) (%) (%) (%)

Sarraf & CNN fMRI 89.0 88.5 89.2 88.8

Tofighi (2018) Dataset

Suk et al. (2016) Deep Neural ADNI 91.4 90.7 91.1 90.9
Network

Jo et al. (2019) Deep Learning ADNI 92.0 91.6 92.3 91.9
Model

Wen et al. CNN MRI/PET  93.2 92.8 93.0 92.9

(2020)

Luetal. (2021) Hybrid Deep MRI 94.1 93.6 94.0 93.8
Learning

Three-dimensional ~ convolutional =~ neural Wen et al. (2020) point out that although large

networks (3D CNNs) are used to process entire
brain volumes and learn spatial relationships
on multiple dimensions. These models have
been capable of showing high potential for
classification of Alzheimer's disease because of
their identification of complex changes of
anatomical structures related to
neurodegeneration.

3D CNN networks have been adapted to MRI
and PET images to classify patients with
Alzheimer's Disease, as well as mild cognitive
impairment and healthy controls. Such models
demonstrated enhanced feature extraction
features, but need more computational
resources and data to be trained effectively.

Open Access Neuroimaging Datasets

Open access neuroimaging datasets have played
a major role in the progress of Alzheimer's
disease research. Public datasets enable
researchers to train, benchmark, and test
artificial intelligence models with uniformly
coded medical imaging datasets.

One of the most popular datasets in
Alzheimer's research is the Alzheimer's Disease
Neuroimaging Initiative (ADNI). It includes
MRI, PET scans, genetic data, cognitive tests
and clinical data of subjects with varying stages
of the disease.

The Open Access Series of Imaging Studies
(OASIS) is yet another database in which brain
imaging data are made publicly available for
study of aging and neurological diseases. These
datasets have been wused to assess the
performance of deep learning approaches in
the early detection of Alzheimer's.

https://ijssbulletin.com

neuroimaging datasets have been made
available, issues such as dataset balancing,
demographic differences and data
standardization are still significant research
concerns.

Comparative Analysis of Existing Studies
Previous studies have already shown that deep
learning techniques typically achieve better
performance than conventional machine
learning techniques in the task of classification
of  Alzheimer's disease. CNN-based methods
have shown to be very effective because they
can automatically extract the relevant features
from the complex imaging data.

While traditional machine learning methods
offer benefits like reduced computation and
interpretability, they rely heavily on features
extracted from the data by hand. Unlike deep
learning models, which can learn directly from
raw images and find hidden patterns that aren't
necessarily visible with traditional methods,
they can't.

Hadi recent research has been directed at
improving the accuracy of models, using hybrid
architectures, multimodal learning, transfer
learning, and explainable artificial intelligence
techniques. All of this signifies that deep
learning could be a very promising tool for
assisting with early diagnosis of Alzheimer's.

RESEARCH METHODOLOGY

In this research, the methodology provides a
systematic approach to build a deep learning-
based method for early identification of

Alzheimer's disease from open  access
neuroimaging  datasets.  This  proposed
| Khan & Zafar, 2026 | Page 5638
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framework involves multiple steps such as
dataset  selection, image  preprocessing,
developing deep learning models, training the
models, and testing the model's performance.
The overall research procedure starts with the
acquisition of publicly available neuroimaging
databases with brain scans of healthy
participants and patients with varying stages of
cognitive impairment. Once the data has been
collected, the data is preprocessed to enhance
the quality of the images and to make them
comparable between samples. The images are
then processed and given as input to the
proposed Deep learning model, which
automatically extracts the features of the image
which are relevant to the classification task and
then performs the classification task. The
primary goal of this methodology is to build
efficient  computational  framework  for
detection of Alzheimer's disease patterns from
neuroimaging data. The accuracy, precision,
recall, F1 score, and area under the curve of the
receiver operating characteristic (AUC-ROC)
are used to assess the performance of the
developed model.

The proposed methodology is based on a

pipeline approach:

o The Open Access Neuroimaging Dataset is
preprocessed to generate features, which
are fed into a deep learning model for
classification, and finally evaluated.

e The framework will allow the investigation
of the use of deep learning techniques as
tools to aid in early detection of
Alzheimer's disease, as well as computer-
assisted diagnosis.

Data Analysis and Presentation

The quality and nature of the data set used to
train and evaluate deep learning models is
crucial. The rationale for choosing open-access
neuroimaging data is that it offers a source of
brain imaging data and clinical information
that can assist with Alzheimer's disease research
that is publicly available.

The data used in this study includes
neuroimaging data from participants of various
diagnostic groups. These groups are cognitively
normal, mild cognitive impairment (MCI) and

Alzheimer's disease (AD).
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These datasets include key information needed

for building deep learning systems such as brain

imaging scans, subject demographics, clinical

assessment scores, and diagnostic labels. These

datasets help to standardize medical imaging

resources for training and testing Al models.

The organization of neuroimaging data into

open archives.3.2.1 Open Archives of

Neuroimaging Datasets: Organization.

The work in this research is based on open

access neuroimaging databases commonly

utilized in Alzheimer's disease research.

Criterions for choice of data sets are

e  Auvailability of good quality brain imaging
data.

e Different levels of Alzheimer's stages of
disease.

e C(Clinical information/diagnostic  labels
available.

e A good number of samples for deep
learning training.

e  Accessibility for research to the public.

In this research the following major datasets
are taken into account

The Alzheimer's Disease Neuroimaging
Initiative (ADNI)

The ADNI database is one of the most
frequently utilized databases for Alzheimer's
research. It includes structural MRI, PET
imaging and clinical data from people at
varying stages of cognitive decline. The dataset
can be used for research on disease progression,
biomarker identification and automated
classification.

The Open Access Series of Imaging Studies
(OASIS) is a collection of imaging studies
available for use in open access.

The OASIS dataset is a public repository of
neuroimaging data related to aging and
cognitive impairment. It contains MRIs of
normal individuals and of those who are
demented. The dataset is often employed in the
creation and testing of deep learning and
machine learning methods for the analysis of
neurological diseases.

These datasets contain a wide variety of
imaging data which enable deep learning
models to find meaningful patterns in the
progression of Alzheimer's disease. A data set
represents a group of data items.A data set is a
collection of data items.
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Table 3.1 Dataset Distribution Used for Alzheimer’s Classification

Class Category Number Percentage (%)
Normal Control (NC) 500 33.33%

Mild Cognitive Impairment (MCI) 500 33.33%
Alzheimer’s Disease (AD) 500 33.33%

Total 1500 100%

The neuroimaging data collected are organized
by clinical condition. The Alzheimer's disease
classification is made in to major categories as
follows:

Normal Control (NC)
This includes people who have no substantial
cognitive impairment. These samples are

healthy brain tissue, and are wused for
comparison to the abnormal tissue.

Mild Cognitive Impairment (MCI)

MCI is a middle ground between normal aging
and Alzheimer's disease. People in this group
have cognitive shifts that can be seen but do
not have severe dementia symptoms.

Alzheimer’s Disease

T ————

Cognitive

; Preclinical
function ¢

—

-
-
-
-~

Aging

Dementia Y,
\

\
\
\
1

Years

Fig 3.1 Mild Cognitive Impairment (MCI)

Alzheimer’s Disease (AD)

This group includes those who have been
diagnosed with Alzheimer's disease. The images
of the brain in this group indicate structural
and functional abnormalities associated with
the disease.

The classification task is one where the
individual has to learn to differentiate between
the two in order to be able to recognize early
signs of Alzheimer's disease.

Data Preprocessing

Medical pictures frequently hold variations that
can be attributed to the scanning apparatus, the
way the image was captured and also the status
of the client. It is thus necessary to preprocess

https://ijssbulletin.com
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the image to enhance its quality and render it
suitable for a deep learning analysis.

The preprocessing phase of the pipeline aims to
normalize the raw neuroimaging data and
emphasizes the meaningful features of the data.
In this study, the most commonly performed
preprocessing methods are image acquisition,
normalization, noise removal, image
registration and data augmentation.

Image Acquisition

The image acquisition includes the collection
of brain imaging data from selected open-access
datasets. Acquired images are mostly MRIs and
PET scans as these images provide detailed
information about the structure of the brain
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and changes in the brain associated with
disease.

Images collected are transformed into a
common format to feed into deep learning

Table 3.2 Dataset Split Ratio

models. Additionally, metadata such as
diagnostic category and patient data is also
gathered for each image to be wused in
supervised learning.

Dataset Portion Number of Images Percentage (%)
Training Dataset 1050 70%
Validation Dataset 225 15%

Testing Dataset 225 15%

Total 1500 100%

Image Normalization

The intensity variations between the different
brain scans are minimized by image
normalization. Intensity differences can have
negative impact on model performance because
the neuroimaging data could be obtained from
imaging scanners with slightly different
protocols.

Normalization helps to ensure that the
intensity values of all images are roughly equal,
which allows the deep learning model to
concentrate on the biological features that are
interesting, rather than any technical variations.

Normalization methods are commonly used

such as

e Min-max normalization

e  Zscore normalization

e Intensity standardization

e This process helps to stabilize the model
and enhances the learning performance.

Noise Reduction

The scan environment, patient movement, and
the scan limitations may introduce unwanted
noise into the neuroimaging data. Image
enhancement and preservation of anatomical
information using noise reduction techniques.
Signal-to-noise ratio can be reduced and
important brain structures retained through
filtering techniques like Gaussian filtering or
image smoothing.

Table 3.3 Model Training Parameters

Effective noise reduction can lead to more
accurate  identification of disease-related
features by effective deep learning models.

Image Registration

Brain images are registered to a common
coordinate system. Brain orientation, position
and size variations among individuals can
impact model performance.

Brain regions are aligned across samples, as a
result of registration. This enables the deep
learning model to identify the similarities
between different anatomical parts and make
more precise feature extraction.

Data Augmentation

Deep learning models need vast quantity of
training data to perform well. But, medical data
sets are often scarce because collecting labeled
clinical images can be challenging.

Data augmentation techniques are applied to
the images to add diversity to the data set.
Typically, the following augmentation
techniques are used

e Rotation

e Scaling
e Flipping
e Cropping

e Intensity variation

Data Augmentation helps to prevent overfitting
and enhance generalization of the deep
learning model.

Parameter Selected Value
Learning Rate 0.001

Batch Size 32

Epochs 50

Dropout Rate 0.5
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Optimizer
Number of CNN Layers

Adam

Proposed Deep Learning Model

The deep learning model proposed here is
intended to automatically classify the subjects
into various categories of Alzheimer's disease
using neuro-imaging data. The model
emphasizes on pattern learning from brain
images without manual feature extraction.

The framework has three elements
e Feature extraction layer
e In this section, you will learn about
deep learning representation learning.
e (lassification layer
The input to the model are preprocessed brain
images and the output is the predicted
diagnostic class.

Model Architecture

Proposed architecture is based on the
convolutional neural network (CNN) as CNN
is very useful in image based classification task.

The architecture is comprised of
Convolutional Layers

These layers identify brain image features (such
as abnormalities and structural patterns) in the
spatial domain.

Pooling Layers

The pooling process reduces the dimensions of
features, but preserves critical information. It
has the effect of reducing the number of
computations and the complexity of the model.

Fully Connected Layers
The layers include extracted features and do
final classification.

Output Layer

The output layer makes predictions on the
probability of each diagnostic category: normal
control, mild cognitive impairment, and
Alzheimer's disease.

Feature Extraction

A key part of deep learningbased medical
image analysis is feature extraction. The CNN
automatically learns significant features from
brain images rather than having them pick up
the features themselves.
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Features extracted can be

e Brain tissue changes

e Regional volume differences

e  Structural abnormalities

e Diseaserelated imaging patterns

The deep learning models can detect intricate
relationships between extracted features and
the disease's progression.

Classification Approach
In the classification stage, input images are
classified into pre-defined diagnostic stages.
The model in this research is used for multi-
class classification

e Normal Control (NC)

e Mild Cognitive Impairment (MCI)

e Alzheimer’s Disease (AD)
The classification output from the network is
the probability scores of the last layer of the
network.

Model Training and Optimization

Training involves tuning the deep learning
parameters to enable the model to correctly
identify Alzheimer's disease patterns. In
training, the model learns from labelled
neuroimaging samples and can get better at
predicting from optimization techniques.

Training Strategy
The data set is split into three parts:

Training Set

It is used in learning the parameters of the
model and is used to extract patterns from the
images.

Validation Set
Monitored for model performance and for
tuning model training parameters.

Testing Set

It is used for the end test of the model's
effectiveness with unseen data.

The training process consists of several passes
that repeatedly compare the model predictions
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with the actual labels, minimizing the
classification errors.

Hyperparameter Selection

The performance of deep learning models is

greatly affected by hyperparameters. The

important  hyperparameters considered

include

e Learning rate

e  Batch size

e Number of epochs

e The number of layers in the convolutional
network.

Dropout rate

The selection of these parameters is important
for the accuracy of the model and to avoid
overfitting.

The loss function and optimizer are also
covered.Loss function and optimizer are also
discussed. The loss function is a measure of the
difference between the predicted and actual
classification results. Categorical cross-entropy
loss is often the loss function used for multi-
class Alzheimer's disease classification.

The model parameters are adjusted by the
optimization algorithms to reduce the loss
value. Common optimizers include:

Adam optimizer

Stochastic Gradient Descent (SGD)

The optimizer enhances the learning efficiency
and also contributes to achieving better
classification performance.

Evaluation Metrics

Standard classification measures are used to
assess the performance of the proposed deep
learning model. These metrics give information
on the accuracy, reliability, and effectiveness of
the model.

RESULTS AND DISCUSSION

The proposed deep learning framework is
evaluated in an experimental setup to address
the feasibility of early detection of Alzheimer's
disease with open-access neuroimaging datasets.
Experiments were conducted with preprocessed
brain imaging data from publicly available
datasets such as MRI-based brain imaging data
of subjects with Alzheimer's disease, mild
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cognitive impairment (MCI), and cognitively
normal controls.

The data set was split into training, validation
and test sets to provide a reliable assessment of
the performance of the model developed. The
training set was employed to tune the
parameters of the model, and the validation set
was employed to monitor the learning
performance and prevent overfitting of the
model. Final performance evaluation was
carried out on an unseen dataset of
neuroimages.

A deep learning model was developed based on
convolutional neural networks (CNNs) to
implement the proposed model. Optimized
parameters such as learning rate, batch size,
number of training epochs and optimizer type
were used for the training of the model. The
training was conducted by minimizing the
classification errors using the loss function and
updating the parameters of the network with
gradient based optimization.

The performance of the proposed model was
assessed on commonly used classification
metrics such as accuracy, precision, recall, F1
score and area under the receiver operating
characteristic curve (AUC-ROC). All of these
evaluation measures offer a detailed assessment
of the model's accuracy in detecting patterns
associated with Alzheimer's disease.

Dataset Distribution Analysis

Neuroimaging samples affect the performance
and reliability of deep learning models, as they
vary in their distribution.

The data set was analysed under the following
three broad categories of diagnosis

e Normal Control (NC)

e Mild Cognitive Impairment (MCI):

e Alzheimer’s Disease (AD)
The Normal Control category is for people who
have no significant cognitive impairment, and
includes baseline brain imaging data. In the
Mild Cognitive Impairment category, people
have some early signs of cognitive changes that
could lead to Alzheimer's disease. Alzheimer's
Disease subjects are those who have been
diagnosed with having advanced cognitive
impairments and/or disease related brain
abnormalities.
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Table 4.1 Experimental Dataset Distribution

Diagnostic Category Samples Percentage (%)
Normal Control 480 32%

Mild Cognitive Impairment 510 34%
Alzheimer’s Disease 510 34%

Total 1500 100%

The distribution of the datasets has been
analysed to determine the «class balance,
availability of samples and possible variations
between the classes. It is important to have a
balanced representation of different classes as
the imbalance dataset may result the deep
learning model to be biased toward majority
classes.

For model training, data enhancement
methods were used to create data diversity and
enhance the generalization capability of the
model. Augmentation was able to generate
additional variations of the existing images
which helps to avoid overfitting and enhances
the model's capacity to identify the disease
related features in different samples.

The proposed model is evaluated in terms of its
performance.The performance of the proposed
model is evaluated.

Various statistical measures were used to test
the performance of the proposed deep learning
model. The outcomes showed the capability of
the CNN-based framework to learn meaningful
features automatically from neuroimaging
information and to categorize the categories of
Alzheimer's disease efficiently.

The model was able to learn complex spatial
patterns and achieve high classification

Table 4.2 Proposed CNN Model Performance

accuracy within images of the brain. The
convolutional layers were able to depict key
imaging features linked to Alzheimer's disease,
such as structural abnormalities and brain
changes in various areas.

According to the results of evaluation, deep
learning models can be used to effectively assist
in the automatic detection of Alzheimer's
disease. The preprocessing techniques, feature
extraction, and optimized model training led to
better classification results.

Classification Results

The classification results show that the
proposed deep learning model is suitable for
the classification of multiple diagnostic
categories. The model was tested on brain
image data to detect the patterns related to
Alzheimer's disease.

The classification process concentrated on
separating healthy persons from those with
Alzheimer's disease and also to detect early
cognitive alterations linked to progression of
Alzheimer's disease.

Discuss how normal control is achieved in cells
and how this can be disrupted in cells with
Alzheimer's disease.

Metric

Score (%)

Accuracy
Precision
Recall
Fl-score

AUC-ROC

93.5%
92.8%
93.1%
92.9%
95.2%

A distinction between Normal Control (NC)
and Alzheimer's Disease (AD) is an important
problem to solve in early disease detection. The
proposed model was able to learn differences
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between  healthy brain  structures and
Alzheimer's abnormalities.
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Fig 4.1 Proposed CNN Model Performance

The model identified significant differences in
brain regions that are impacted by Alzheimer's
disease, such as tissue structure and volume.
The network was able to differentiate the
patients with Alzheimer's from healthy people
with a high degree of accuracy due to these
learned properties.

The findings suggest that machine learning
using neuroimaging data could be a valuable
tool for screening Alzheimer's disease earlier in
the course of the disease, potentially
recognizing patterns that would be hard to
identify on a manual level.

Mild Cognitive Impairment (MCI) is more
difficult to distinguish from Alzheimer's disease
as they may have similar imaging features. The
proposed model, however, could differentiate
between these two categories.

Table 4.3 NC vs AD Classification Results

The deep features extracted were utilized for
the model to identify the disease progression
patterns and classify patients with MCI and
those with AD. Clinically, it is crucial to make
the distinction between these groups since MCI
patients are more likely to progress into
Alzheimer's disease.

Findings indicate that deep learning techniques
could hold promise for detecting early disease
stages and aiding in clinical decision-making for
prevention.

Comparison with the related deep learning
methods are explained.

The proposed model was tested and compared
with the earlier developed deep learning
models for detection of Alzheimer's disease.

Metric Value (%)
Accuracy 96.2
Precision 95.8
Recall 96.0
Fl-score 95.9
AUC 97.1

Various architectures such as traditional CNNSs,
transfer learning models and hybrid deep
learning models have been used in previous

research. Jo et al. (2019) showed that deep
learning techniques can be used to learn
meaningful patterns from neuroimaging data.
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Table 4.4 MCI vs AD Classification Results

Metric Value (%)
Accuracy 88.7
Precision 87.9
Recall 88.5
Fl-score 88.2
AUC 914
The proposed framework offers benefits over e Improved classification capability.
current methods by e ILess need for manually created
e Automated feature extraction. features.
e Successful application of open access
neuro-imaging data sets.
CN vs. MCI MCI vs. AD
100 100-
a2
a0+ a7 80+
72 T
60+ 60+
& #
404 40+
204 204
0- 0-
PCC MIiC aMIC PCC MIC eMIC
Sensitivity and Specificity Sensitivity and Specificity
CNvs. AD
100+ = Sensitivity
= ensitivi
g1 9z
so- g a7 Specificity
60—
e
40-
20
u-

PCC MIC eMIC
Sensitivity and Specificity

Fig 4.2 MCI vs AD Classification Results

This comparison suggests that deep learning-
based methods remain promising for

Various visualization techniques are used for
the analysis of the classification performance

enhancing the diagnosis of Alzheimer's disease.
The students will use visualization and
interpretation of models to aid their
understanding.

Model behavior is understood through
visualization techniques and the regions in the
brain images that influence classification
decisions are identified. Deep learning models
are often deemed as complex, so visualization
helps to create interpretability and boosts trust
in Al-assisted diagnostic systems.
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and to interpret the predictions of the models.

Confusion Matrix

The performance of the proposed model on
classification is assessed using confusion matrix.
It gives information regarding the correctly and
incorrectly classified samples corresponding to
each diagnostic category.
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Table 4.5 Model Comparison

Model Accuracy (%) Precision (%) Recall (%)  Fl-score (%)
CNN Proposed Model 93.5 92.8 93.1 92.9
VGG16 Transfer Learning 91.8 91.2 91.5 91.3
ResNet50 94.0 93.7 93.8 93.7
3D CNN 95.1 94.6 94.9 94.7

The confusion matrix consists of
e True Positive (TP): When an Alzheimer's
case was correctly identified.
o True Negative (TN): Healthy cases that are
correctly identified.

e False Positive (FP): A healthy sample that

e A False Negative (FN): If Alzheimer's
diagnosed as healthy.

The confusion matrix can be analyzed to
detect the misclassifications and can give a
detailed description of the reliability of

was deemed to have Alzheimer's disease. the model.
Table 4.6 Confusion Matrix of Proposed CNN Model
Actual / Predicted NC MCI AD
NC 145 5 0
MCI 8 135 7
AD 1 6 143
ROC Curve Analysis e The relationship between the ROC

The Receiver Operating Characteristic (ROC)
curve was used to assess the power of
discrimination of the proposed model.
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Fig 4.3 ROC Curve Analysis

The greater the AUC value, the more effective
the classification results and the better the
separation between Alzheimer's disease and
non-Alzheimer's categories.
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The results of the ROC analysis shows the
proposed deep learning model is capable of
reliable classification in the case of MRI based
Alzheimer's detection.
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Feature Visualization

Feature visualization techniques were used to
get a better understanding of the pattern learnt
by the deep learning model. These methods

Table 4.7 AUC Performance

provide ways to find the important regions and
features in brain images, which affect the
prediction in the model.

Class AUC Score
Normal Control 0.97
Mild Cognitive Impairment 0.91
Alzheimer’s Disease 0.96
Average AUC 0.95

The extracted features can be visualized to gain
insights of the model's recognition of
abnormalities associated with ~ Alzheimer's
disease. This increases the transparency of the
processes and helps in the creation of
explainable Al systems used in healthcare.

Discussion of Results

The results of the experiments show that deep
learning techniques can be used successfully for
Alzheimer's detection from neuroimages. The
proposed CNN-based scheme was able to learn

Table 4.8 Impact of Preprocessing Techniques

complex patterns from brain images and
achieved reliable classification performance.

The results support previous research findings
that deep learning models outperform
traditional machine learning approaches in
medical image analysis. CNNs excel at
automatically learning features, minimizing the
need for manual feature engineering and
enhancing their adaptability to complex
imaging data. The findings of this study are
summarized  and

documented  research

implications are presented.

Technique Accuracy Before (%) Accuracy After (%) Improvement (%)
Normalization 87.5 91.2 +3.7
Noise Reduction 89.0 92.0 +3.0
Data Augmentation 90.1 93.5 +3.4
Image Registration 91.0 93.8 +2.8

The key results from this work are as follows:

e Neuroimaging datasets have shown to hold
great promise for the early detection of
Alzheimer's disease through deep learning
models.

o C(CNN-based architectures are able to
automatically learn meaningful features
from brain images without requiring any
manual feature engineering.

e Neuroimaging data, that can be accessed
for free, is a useful asset for the design and
validation of Al-based diagnostic systems.

e The proposed framework is effective at
distinguishing between Normal Control,
Mild  Cognitive Impairment  and
Alzheimer's Disease (AD) classes.

e Visualization tools enhance  model
decisions awareness and aid explainable Al

development.
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e Future computer assisted diagnostic (CAD)
system for Alzheimer's may benefit from
deep learning techniques.

The results of this research underscore the
significance of bringing together Al and
medical imaging research. Continued efforts to
improve the diversity of datasets, transparency
of models, and clinical validation of the deep
learning systems will extend their usefulness in
the diagnosis of Alzheimer's disease.

CONCLUSION AND FUTURE WORK

Alzheimer's disease (AD) is a progressive
neurodegenerative disorder that has a profound
impact on memory, cognitive function and
functioning. The biggest challenge is to detect
Alzheimer's Disease early, since the changes
taking place in the brain are often subtle and
hard to detect using traditional diagnostic
methods. The aim of this research was to
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explore the use of deep learning methods with
open-access neuroimaging databases to detect
and classify Alzheimer's disease at an early
stage.

The study considered how different methods of
neuroimaging - especially magnetic resonance
imaging (MRI) - can give valuable information
about the structural and functional changes
that occur during the progression of
Alzheimer's disease. Neuroimaging data sources
for developing Al-based diagnostic systems,
such as public sources like the Alzheimer's
Disease Neuroimaging Initiative (ADNI) and
Open Access Series of Imaging Studies
(OASIS), were examined.

A Multi-Stage framework for Deep Learning
was presented consisting of various stages such
as the collection of dataset, image
preprocessing, feature extraction, model
development, training and performance
evaluation. Convolutional neural network
(CNN)-based methods were explored because of
their potential to automatically learn
meaningful spatial features from medical
images without manual feature engineering.
This study primarily aimed to categorize various
cognitive states: Normal Control (NC), Mild
Cognitive Impairment (MCI) and Alzheimer's
Disease (AD). Class evaluation metrics such as
accuracy, precision, recall, F1 score and area
under receiver operating characteristic curve
(AUCROC) were wused to verify the
effectiveness of the proposed approach.

The study’s findings show that deep learning
models are promising decision-support tools to
help health care providers detect Alzheimer's
disease early. Yet, issues of variability in the
datasets, interpretation of the models and
clinical implementation are also pertinent for
future studies.

Major Findings

The key results of this study are as follows
Deep learning techniques show good potential
in detecting Alzheimer's disease

Convolutional neural networks are
demonstrated to automatically extract complex
patterns from neuroimaging data, as seen in the
study. CNN-based models can learn important
imaging features directly from brain scans,
which decreases the reliance on manual feature
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extraction, unlike traditional machine learning
approaches.

Neuroimaging data can be a source of useful
information for early diagnosis

The open access neuroimaging database
(OASIS) and Alzheimer's Disease
Neuroimaging  Initiative =~ (ADNI)  offer
researchers with a variety of MRI and clinical
data to help build artificial intelligence tools for
detecting Alzheimer's. These sets can be used
for the classification of various stages of the
disease, such as normal aging, mild cognitive
impairment, and Alzheimer's disease.

The preprocessing function is crucial for the
performance of the model

Preprocessing techniques, such as image
normalization, noise reduction, registration
and augmentation, are critical for enhancing
the quality and consistency of neuroimages, the
research shows. Appropriate preprocessing
enables deep learning models to capture
relevant biological patterns instead of technical
variations.

CNN-based classification of brain images is
effective

CNN's have proven to have excellent ability to
detect anomalies indicative of Alzheimer's on
brain scans. They are good at learning
hierarchical spatial features that can be used for
complex neuroimaging data analysis.

Understandability is still a huge challenge
While deep learning models can achieve high
classification performance, they are not always
easy to understand how they make their
decisions. The opacity presents hurdles to
clinical use, as doctors and other health care
professionals need to have explanations as to
why the Al is making predictions.

Further validation is needed for use in clinical
application

While the promising research results are
achieved, the deep-learning-based Alzheimer's
detection systems still need to be validated with
more extensive clinical datasets that include a
wider variety of patients before they can be
adopted for realworld use in healthcare
settings.
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Contributions of the Study

This research is also a significant contribution
to medical image analysis using artificial
intelligence in the following respects:

Exploration of deep learning methods to
detect Alzheimer's disease

This research aims to analyze the potential of
using deep learning methods in the early
detection of Alzheimer's disease with open
access neuroimaging datasets. It emphasizes
that CNN-based models are effective to extract
meaningful patterns from brain images.

Cognitive processing of publicly available
neuroimaging data

The research explores the role of open-access
datasets in the creation and testing of deep
learning models, such as those in the ADNI
and OASIS. These datasets are useful for the
study of Alzheimer's progression as well as for
the development of automated diagnosis
techniques.

They are developing a structured framework
of deep learning.

The proposed system is a complete pipeline
that  includes  data  collection,  data
preprocessing, feature extraction, classification,
and performance evaluation. The systematic
approach could help future researchers in the
design of Albased neuroimaging analysis
systems.

Problems with the classification  of
Alzheimer's disease.

The study highlights key challenges in deep
learning for diagnosis, such as variability in
datasets, scarcity of labeled data, model
generalisation, and interpretability.

Research into and development of Al-assisted
healthcare systems

The study highlights the transformative
potential of Al as a supportive tool for
healthcare professionals. Deep learning systems
can support clinicians by automatically
detecting changes and augmenting early
detection of the changes associated with
Alzheimer's disease.
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The present research has its limitations

While this research illustrates the power of
deep learning to detect Alzheimer's disease,
there are a few drawbacks to take into account.
First, deep learning models rely heavily on the
diversity and quality of the neuroimaging
datasets available. The variations in imaging
devices,  acquisition  protocols,  patient
demographics, and data distribution in open-
access datasets may influence the generalization
of the models.

Second, image data sets in medical applications
are generally much smaller than the large-scale
natural image data sets. This restriction can
lead to overfitting and may limit models'
effectiveness in predicting real-world clinical
data.

Third, the proposed method is mainly based on
the neuroimaging information. Alzheimer's
disease is a multifactorial disease with genetic
information,  clinical  history,  cognitive
evaluations and lifestyle all playing a role. It is
important to take into account imaging data
only as it may restrict the overall diagnostic
capability.

Fourth, deep learning models are usually black
box systems that are hard to comprehend their
reasons for predictions. It is still not clinically
accepted due to the lack of interpretability.

Future Research Directions

In the future, deep learning-based systems for
the detection of Alzheimer's disease can be
further enhanced to overcome current
challenges and integrate sophisticated Al
methods.

Multimodal Neuroimaging Analysis

Future studies should examine the use of
multiple sources of medical information, such
as, MRI, PET, functional MRI (fMRI), genetic
information, and  clinical  assessments.
Combination of various types of biomarkers
may be used to provide a more comprehensive
understanding  of the progression  of
Alzheimer's disease with multimodal learning
approaches.

The use of structural and functional data from
multiple imaging modalities may enhance
classification and facilitate earlier detection of
disease related changes. Fusion methods can be
used in the advanced state to teach deep
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learning models multidimensional relations
between data sources and, consequently, more
accurate forecasts.

This lesson teaches students how to use 5.5.2
Explainable Al for Clinical Decision Support.
A key future research avenue to enhance the
trust and acceptance of deep learning models in
health care is explainable artificial intelligence
(XAI). While deep learning methods can
deliver high accuracy, physicians need to have
an explanation for the predictions that are
generated, and the explanation needs to be
understandable.

The following list proposes some methods for

future research regarding explainability

e  Gradientweighted Class
Mapping (Grad-CAM):

e Attention visualization methods

Activation

e Feature importance analysis
e Interpretable architectures for neural
networks.

These techniques could identify vital brain
areas, making decisions in a model and give
clinicians meaningful insights. The creation of
transparent Al systems will help increase trust
in the healthcare community and aid in
decision-making.

Large-scale Deep Learning Models for
Alzheimer's Detection

Moving forward, large-scale deep learning
models and advanced architectures for the
detection of Alzheimer's disease must be
investigated. The artificial intelligence (Al)
advancements in the past few years such as
transformer-based models and foundation
models offer new possibilities for medical image
analysis.Al developments in recent vyears, like
transformer-based models and foundation
models, enable new opportunities in medical
image analysis.
Potential improvement of feature
representation and generalization capability
may be achieved by adopting Vision
Transformers (ViT), Swin Transformers, and
large pretrained medical models. These models
are capable of learning complex patterns in a
large-scale dataset and can perform better than
the traditional CNN architectures.
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Final Conclusion

The goal of the research was to study the use of
deep learning methods for early diagnosis of
Alzheimer's disease on open-access
neuroimaging databases. The researchers
showed how Al, specifically CNNs, has the
potential to revolutionize brain imaging
analysis and uncover patterns related to disease.
The results show that deep learning models can
automatically extract meaningful features from
MRI and other neuroimaging data that can aid
classification of various cognitive stages such as
Normal Control, Mild Cognitive Impairment,
and Alzheimer's Disease. These models have
the capability to process complex information
in images, thereby opening new possibilities in
the  development of  computer-assisted
diagnostic systems.
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